Abstract-The promotion of active transport has been considered as a fundamental objective of transport planning policies since it can improve passenger's health, relieve traffic congestion, and reduce air pollution. However, the share of active transport in planning studies has not traditionally been estimated accurate enough. One of the main reasons for this problem is the inability of conventional travel survey methods to identify trips made by active modes in the travel behaviour of individuals. Nowadays, the employment of smartphones/GPS devices and elaborated algorithms has improved the accuracy of travel data collections. Yet, the accuracy of current algorithms in detecting active modes of transport is questionable. This paper addresses this concern by proposing a comprehensive and practical framework for detecting trips especially those made by an active mode of transport. In this study, a smartphone application has been developed in conjunction with an improved post-processing analysis framework. It is suggested to revise the conventional method of trip detection and employ smoothing techniques after trip detection instead of employment on GPS raw data to improve the accuracy of data collection. In addition, important attributes for trip detection are applied in a rule-based model. The results demonstrate that the model can detect trips more accurately compared to an active travel data collection approach, and increase the number of detected active-mode trips by 22%. The proposed approach can be employed in all GPS-assisted travel surveys, thereby improving their accuracy and reduce the under-reporting rate, specifically for trips made by active modes of transport.
I. INTRODUCTION
The dominance of motorized modes in Transport systems has led to increased congestion, emissions, pollution and health problems and obesity. On the other hand, active transport modes, walking and cycling, are clean and sustainable alternatives to deal with these concerns (Beckx, Broekx et al. 2013) . One of the initial requirements for increasing the share of active transport is providing appropriate facilities for active transporters based on their real travel behaviour and considering them in future planning. However, literature shows that active transport modes have been under-reported in most of travel surveys, especially by conventional data collection . In fact, participants who are responsible to recall, detect and report their travel behaviour are not able to detect their active transport trips effectively. Generally, during data collection, participants go through a threestep procedure to report their trips, as presented in Fig. 1 . They have to remember their travel behaviour, review it completely and recognize each trip and its attributes and finally report them. The critical steps in this procedure are the first and second steps, where participant have to recall their travel behaviour and judge about it in order to detect trips and their attributes before reporting.
In the meanwhile, trips which are made by active modes of transport can be easily ignored because, firstly these trips are easily forgotten after a short period of time (Gleave 2004; Forrest and Pearson 2005; Ohmori, Nakazato et al. 2005) , and secondly most of connection trips, which are made by active modes to access to public transport or parking, are ignored by participants and considered as a part of another trip (Wolf, Hallmark et al. 1999 ; Duncan and Mummery 2007; Gonzalez, Weinstein et al. 2010) . In order to cover some part of this shortcoming, an interview or phone-assisted recalling procedure is undertaken in some household travel surveys, in which reported trips are evaluated by experts following the main data collection and if there is any ambiguity in reported data, participants are contacted and invited to revise their reported travel behaviour (TRB Committee on Travel Survey Methods 2010). However, this procedure requires significant human and financial resources, and cannot efficiently detect all activetransport trips, especially those which occurred before or after a private mode trip.
The introduction of GPS devices has supported participants to more accurately recall their travel behaviour and therefore improve the quality of collected data (Wolf, Schöunfelder et al. 2004 Gonzalez, Weinstein et al. 2010 ). Yet, the problem of under-reporting of active transport trips still exists even in improved GPS-assisted methods to some extent, since it is fundamentally assumed that respondents are able to detect their trips completely, while this assumption has been evaluated in this paper and results show that the assumption should be reconsidered. This paper focuses on proposing an enhanced smartphone-assisted travel data collection and postprocessing approach, which can specially detect active mode trips and improve the quality of collected data. After a brief review of the literature on recent studies for collecting travel data using smartphones and also trip detection models, significant attributes for trip detection are discussed. Section 3 provides a comprehensive framework for travel data collection and trip detection which is accompanied by a post-processing procedure. In Section 4, the proposed framework and model is calibrated and tested based on a dataset collected through an active data collection approach. Finally, some conclusions and practical recommendation are presented, which will be applicable to all GPS-assisted travel survey studies.
II. LITERATURE REVIEW

A. General
Travel data collection methods can be divided into two main categories, namely self-reporting and GPS-assisted methods. As presented in Table I , all conventional travel data collections belong to the first category, where respondents are requested to recall and report their travel behaviour in a specific period of time. The quality of collected data using self-reporting approach relies on the memory and judgment of respondent, which imposes significant burden on them and adversely impacts the quality and quantity of collected data, as far as the underreporting ratio of these methods is estimated up to 45 percent (Ashley, Richardson et al. 2009 ). With technological improvement in positioning systems and the introduction of GPS technology in transport industry, GPS devices have been used widely to improve the accuracy of travel surveys (Pierce, Casas et al. 2003) .
GPS-assisted data collection approaches have provided the possibility of collecting travel data more accurately in regards to time, geographic location and route of trips. Yet some other valuable travel attributes, such as transfer points, trip mode and purpose, cannot be directly derived from GPS loggers and need to be detected and labelled by participants. In order to deal with this concern, three specific categories of approaches have been proposed, 'passive data collection', 'active data collection' and 'prompted-recall data collection' (See Table I ).
In 'passive data collection', which is introduced in the earliest attempts to employ GPS devices in travel surveys, travel data is collected without any labelling procedure from participants (Tsui and Safi, Mesbah et al. 2013 ). The 'prompted-recall data collection' approach has been proposed as an alternative to providing the possibility of labelling collected data without imposing significant burden on participants (Auld, Williams et al. 2009 ). In this approach, travel data is collected passively, and trips are detected using some post-processing algorithms, then participants are invited to label the detected trips, supported by the depiction of their travel behaviour. In fact, if the post-processing algorithm cannot detect a trip, it will be missed in the follow-up prompted-recall survey. Based on the literature, there is a tendency in previously proposed trip detection models to ignore trips which are made by active modes of transport trips. For instance, Zheng, Chen et al. (2010) and Stopher and Collins (2005) ignore walking trips systematically, assuming that each trip is undertaken with a single mode. 
B. Data Preparation
Generally, the procedure of data preparation for a trip detection based on GPS navigational raw data includes two steps, namely 'data cleansing', and 'data smoothing' ( Table 2 ).
The next step for data preparation is 'data smoothing', where statistical techniques are employed to remove random errors of the collected data, which are caused by factors such as signal blocking, inaccurate probabilistic errors, or receiver problems (Schüssler and Axhausen 2008) . It is necessary to mention that the employment of suitable data smoothing method is crucial as an inappropriate data smoothing eliminate informative logs and reduce the accuracy of trip detection.
The next step for data preparation is 'data smoothing', where statistical techniques are employed to remove random errors of the collected data, which are caused by factors such as signal blocking, inaccurate probabilistic errors, or receiver problems (Schüssler and Axhausen 2008) . It is necessary to mention that the employment of suitable data smoothing method is crucial as an inappropriate data 1 Position Dilution of Precision (PDOP) is a term used to specify the additional multiplicative effect of GPS satellite geometry on GPS precision.
smoothing eliminate informative logs and reduce the accuracy of trip detection.
C. Trip Detection Model
Based on the literature and considering the complexity of the behaviour of the collected data, rule-based approach is used in all previous trip detection models. Table III demonstrates significant attributes which have been employed for trip detection models in previous studies. 'Dwell time', 'bundle of GPS points', 'average speed' and 'transfer points' are the most important attributes which are incorporated in trip detection models. 'Dwell time' is the minimum time-difference between two consecutive GPS points after which it can be assumed that the activity took place. Several values have been considered for dwell-time, ranged from 45 seconds (Pearson 2001 ) to 900 seconds (Schüssler and Axhausen 2008), depending on the specifications of study area and the accuracy of data collection medium. 'Bundle of GPS points' is another important attribute which is mainly employed for passive or prompted recall data collection approaches to recognize trips from activities. In an active data collection, where a discontinuous stream of GPS log is collected for each trip, the bundle of GPS points is replaced by trip-id, which is assigned to each recording automatically.
Speed of participants is another important attribute, which is always considered in developing trip detection models. As can be seen in Table III, 
III. METHODOLOGY
In this paper an enhanced data collection and analysis framework is proposed, which includes the use of a smartphone and a post-processing analysis which can detect trips more accurately compared to previous methods. 
A. Data Collection
A smartphone-based travel data collection method has been designed, developed and implemented in this study. ATLAS-I (Advanced Travel Logging Application for Smartphones), is an iPhone application designed for performing travel surveys. It can record individuals' trips when it is running on their phones through an active data collection approach in which participants can label recorded data during the survey through the app interface.
ATLAS-I requires a minimum level of participants' cooperation to start recording and specify the mode and purpose of their trips and also uploading them to the research server. Fig. 2 presents three tabs of the application, namely 'Today', 'History' and 'Profile'.
'Today' tab is the main tab of the application and shows the trajectory, duration and travelled distance of the current trip of participants as well as list of previous trips of the day. One can define new trips during the survey by tapping on the plus (+) button on the top right corner of this tab. All recorded trips are accessible in the 'History' tab, which are categorized based on their date and whether they are uploaded or not. In addition, each user creates a profile during installation where they can choose the survey they want to participate and also choose a user-name, password for their profile.
ATLAS-I is designed to work in background while recording a trip in order to allow participants to use the phone services as usual. This is important since any ambiguity in the procedure of data collection or limitation in data collection medium can change the real travel behaviour of participants ( Participants can see their current location and the path they took on a map, and also the attributes of their current trip, as well as the details of their previous trips which were recorded and saved automatically by the application.
Considering the importance of socioeconomic details in future modeling, a questionnaire is designed and developed within the application, and participants are invited to complete the questionnaire during the profile creation. ATLAS-I invites participants to define and label their trips by specifying mode and purpose, while ATLAS-I automatically records several other attributes of their travel behaviour, such as time, speed, GPS position, heading and positioning accuracy for every ten meter of their significant movement. This set of recorded attributes is called trip-log. As can be seen in Fig. 3 , which demonstrates the flow of data in the proposed data collection approach, the uploaded travel data is stored in a database, which is accessible through a web-portal. This web-portal enables the research team to have a graphical interface to the collected data of participants which facilitates the post-processing analysis. Fig. 4 presents the data analysis framework for extracting the travel attributes of participants based on the data collected using ATLAS-I. The proposed framework includes three specific steps, namely 'data cleansing', 'trip detection', and 'trip refining'.
IV. DATA ANALYSIS
Unlike previously proposed trip detection methods, data smoothing is postponed in the proposed trip detection framework. In fact, all previous studies employed data smoothing on GPS raw data while this lead to removing some informative trip logs which can be used in next steps of trip attribute extraction, specifically trip detection. However, considering the necessity of data smoothing for removing random errors in the collected data, it is postponed to after trip detection. In addition, taking into account the tendency of most of the previously proposed trip detection models to over-identify trips, some rules are suggested to employ on the output of trip detection model and remove the over-identified trips. More explanation regarding the procedure of developing and calibration of 'data cleansing', 'trip detection', and 'trip refining' models is presented in Section 4.2.
V. APPLICATION OF PROPOSED METHODOLOGY
A. Data Collection
The proposed travel data collection and analysis framework calibrated and evaluated in a multi-day pilot survey, where 6 respondents installed ATLAS-I and work with it periodically for a period of three months. They became familiar with the survey, data collection medium and technical concepts of trip, trip-leg, trip mode and purpose in induction sessions before the data collection, and they were requested to report their travel behaviour accurately by reporting all modes that they use for making a trip. For instance, if they use public transport, they are asked to report the walking trips before and after the public transport trip. The details of collected data are presented in Table IV . Fig. 5 demonstrates the share of each mode based on the data manually labelled by participants. As can be seen, around 85% of trips were made by motorized modes while the share of reported non-motorized trips is around 15%. 
B. Data Analysis
As mentioned in Section 3.2, a three-step framework is proposed for processing the collected data.
1) Data cleansing
A set of simple rules is employed to deal with obviously incorrect logs since the employment of complex cleansing rules may eliminate informative triplogs and reduce the accuracy of a leg-detection model. Table V shows the rules and thresholds which are employed for data cleansing.
2) Trip detection model A step-wise procedure is employed to develop a trip detection model. As presented in Table VI , several models are developed based on the attributes recognized in the literature as significant attributes for trip detection. In each step, it is tried to calibrate the rules and thresholds in order to maximize the number of correctly detected trips, while minimizing incorrect detections. As can be seen in the final model (Model 5), 'speed change cluster detection' and 'bundle of inaccurate logs', are introduced as two new rules and implemented in the model and significantly improved the accuracy of trip detection model. Fig. 6 presents the highest obtained level of accuracy (maximized correct detection and minimized incorrect (false) detections) for each model based on the employed rules. As presented in Fig. 6 , reducing the number of incorrect detections is as much important as increasing the number of correct detections. For instance, the rate of correct detection is very high in models 3 to 5 but the improvement is in the number of incorrect detections. As can be seen in Fig. 6 , the rate of correct detections for the last three models is more than 100%, which means that the number of detected trips is more than the number of reported trips. Initially it might seem counter intuitive, but after a manual check on the origin, destination and chosen route of each trip on the GIS database of study area, it is revealed that all newly detected trips are real trips which are made by participants but were not reported as independent trips.
For the final proposed trip detection model 'dwelltime', 'trip-id, 'instantaneous speed', and 'location accuracy' are recognized as the significant attributes, and six rules are proposed and calibrated based on the literature and the behaviour of collected data in an empirical procedure (See Table VII Dwell time: Choosing a suitable value for the dwelltime is crucial, as a small value of dwell-time would lead to many incorrect trip/activity detections (Schüssler and Axhausen 2008). For instance, being in traffic congestion or waiting at a red-light can significantly increase the time difference between two consecutive trip-logs, but dwell-time has to be chosen appropriately to ignore all of these interim points and just detect real trip start or finish points. In this study, several values have been tested for dwell-time in a trial and error process, and it is concluded that the value of 300 seconds (5 minutes) for dwell-time returns the most accurate results.
Trip-id: Trip-id is used to partially detect trips from activities, yet other attributes such as instantaneous speed, location accuracy and timestamp are incorporated to detect those activities which were happened between two consecutive trips (usually short activities), such as waiting in a bus stop or a short shopping activity.
Significant speed change: In order to detect those non-motorized trips which are made immediately before or after another motorized trip, a speed-change threshold (10 m/s) is defined to differentiate these trips. For reducing the number of incorrect detections, another rule is added to detect the clusters of speed change.
Low-speed threshold: In order to detect those modetransfer points where a motorized mode changed to a none-motorized (or contrariwise), a low-speed threshold (2 m/s) is defined. This rule is employed on those points which are chosen based on the previous rule (significant speed change) and candidates those points that there is a none-motorized mode on one side of them.
Bundle of inaccurate logs:
It is empirically found that recorded logs have lower level of accuracy when participant start their trip (warm start/cold start problem) and also when they are in an under-covered area (usually at the end of their trip). This rule specifically looks for inaccurate logs by checking their location accuracy in a 5-log interval.
3) Trip refining Based on the literature, most of the previously proposed trip detection models have a tendency to overidentify trips and need further data reduction algorithms. One of the common rules to remove over-identified trips is removing too short trips (which is defined as trips with less than 50 meter). Another rule is merging two consecutive trips with a similar mode, which requires the output of mode detection model. In fact, there should be an interaction between trip detection and mode detection steps, which is a time-consuming procedure and requires manual audits (Auld, Williams et al. 2009) .
A new approach is proposed in this paper to deal with this concern, in which detected trips are classified into two classes based on their mode, motorized and activetransport trips. Then consecutive trips are controlled based on their mode-class and merged if they have similar mode-classes. Therefore, two refining rules are suggested to employ on the output of trip detection model and remove the over-identified trips. In order to classify detected trips based on their mode class, an empirical simple rule-based model developed using the data collected in the pilot. Table IX presents the developed model for differentiating motorized trips from active-modes of transport (non-motorized) trips. Both of these rules, which are respectively defined based on the average speed and the average acceleration of the detected trip, have to be satisfied for specifying the mode class of the detected trip. 
VI. DISCUSSION
A. Model Evaluation
In order to validate the proposed model and also evaluate the significance of each attribute, and its corresponding rule, in the accuracy of trip detection, a sensitivity analysis procedure is employed. In fact, the rules of the final models (Table VII) is eliminated from the model in a step-wise procedure and it is tried to get to the best level of accuracy with the remaining rules, then the accuracy of the developed model is evaluated through comparing with the total number of reported. The performance of each model (or significance of the eliminated rule) is compared by three indices namely, "Correct Detection Rate (CDR)", "Incorrect Detection Rate (IDR)" and "Significance Rate (SR)", as bellow:
CDR compares the number of correct detections with the number of reported trips, while IDR shows the number of incorrect detection versus total detections (correct and incorrect detections). In addition, SR is defined based on the two previously defined indices, which compares the success rate of the developed model with the success rate of the final model. In fact, a high SR indicates the more significance of the eliminated rule and its related attribute.
Table X presents a comparison between different rules and their relative significance on the accuracy of the proposed trip detection model. As can be seen, 'trip-id' is recognized as the most important attribute for trip detection, followed by 'bundle of inaccurate logs', 'significant speed-change clusters' and 'dwell-time'. Although 'trip-id' and 'dwell time' are reported in the literature as the most significant attributes in trip detection models, they couldn't significantly improve the accuracy of the model and detected a considerable portion of incorrect trips (See Model 3 in Fig. 6) . While, the 'bundle of inaccurate logs', which has been neglected in previous studies, is recognized as the second significant attribute for improving the accuracy of trip detection. This finding emphasizes the necessity of postponing data smoothing to after trip detection as well as employing appropriate data cleansing rules. 
B. Active Trip Detection
The employment of rules presented in Table IX , demonstrated that all detected trips are made using active-modes of transport, which means that activetransport trips are under reported up to 22% in the pilot active data collection survey (See Fig. 7a.) . Moreover, the employment of post-processing analysis framework could successfully detect 4.5% more trips which were not reported by the participants. Fig  distance and duration of detected trips made by activemodes of transport, which indicates that a considerable portion of those trips which were made by active modes of transport are missed in terms of length and duration.
The performed pilot survey demonstrates the success of the proposed approach for travel data collection. The participants could record and label data during the survey through Atlas-I. In addition, the possibility of employing post-processing analysis on collected data is another advantage of the proposed data collection method, which can improve the accuracy and quality of collected data.
VII. CONCLUSIONS
A comprehensive framework for performing travel surveys using smartphones has been proposed with an emphasis on detecting active modes of transport (walking and cycling). A post-processing analysis procedure is developed in which the traditional procedure of trip detection is revised by incorporating inaccurate logs in trip detection modelling which improved the accuracy of final results. It is suggested to revise the framework of trip detection with postponing data smoothing to after trip detection, in order to improve the accuracy of travel attributes extraction, specifically trip detection.
A rule-based trip detection model has been deployed based on an active data collection approach. 'Trip-id', 'bundle of inaccurate logs', 'significant speed-change clusters' and 'dwell-time' are recognized as the most significant attributes for improving the accuracy of trip detection. This paper confirms that walking and cycling trips are under-reported in travel surveys, and suggests a post-processing analysis to increase the accuracy of GPSassisted travel data collections in extracting the active transport trips. The under-reporting rate of active transport trips has been estimated at up to 22%, compared with an active data collection survey.
Finally, the paper points to the necessity for developing more accurate trip detection models for GPS assisted travel surveys, since current trip detection methods are not able to detect trips accurately. This is a serious shortcoming adversely impacting on the quality and quantity of collected data.
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